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Abstract

Freshwater algae are fundamental to aquatic ecosystem functioning and are widely recognised as sensitive
indicators of water quality and ecological change. Conventional algae identification methods based on manual
microscopic examination are labour-intensive, time-consuming, and constrained by taxonomic subjectivity
which restricts their scalability for widespread environmental monitoring. This study presents a comparative
evaluation of deep learning based object detection models YOLO, Single Shot MultiBox Detector (SSD), and
Faster Region-Based Convolutional Neural Networks (Faster R-CNN) for freshwater algae identification.

The analysis is conducted using secondary image data referenced from publicly accessible and licensed
repositories. Model performance is evaluated using robust statistical measures, including precision, recall, F1I-
score, and mean Average Precision (mAP). The results demonstrate statistically significant differences among
the models, with Faster R-CNN consistently achieving superior detection accuracy and robustness, particularly
in handling morphological variability and overlapping algal structures. YOLO exhibits competitive performance
with improved computational efficiency, while SSD shows comparatively lower accuracy and higher variability.

Keywords: Freshwater algae; Machine learning; Deep learning; Object detection; YOLO; SSD; Faster R-CNN;
Secondary data; Ecological monitoring, Image-based classification

Introduction or partially automating algal identification tasks is
need of the day.
Freshwater ecosystems are among the most

. .\ . In recent years, machine learning and more
productive and sensitive ecological systems on the years, &

planet. Within these systems, algae occupy a specifically ~deep learning has emerged as a

foundational role, acting as primary producers,
nutrient cyclers, and early warning indicators of
environmental change. Variations in algal
composition and abundance are closely linked to
shifts in water quality, richness of nutrients, and
ecosystem  health.  Accurate and timely
identification of freshwater algae is thus a practical
necessity  for  environmental = monitoring,
biodiversity conservation, and sustainable water

transformative force in image based classification
and object detection. Convolutional Neural
Networks (CNNs) have demonstrated remarkable
performance across diverse domains, including
medical imaging, remote sensing, and ecological
analysis. Unlike traditional feature engineering
approaches, deep learning models autonomously
learn hierarchical representations from raw image
data, making them particularly well suited for
complex biological structures such as algae, where
resource management. . "
shape, texture, and spatial patterns are critical
Conventionally, freshwater algae identification discriminators.
relies on manual microscopic examination
conducted by trained taxonomists. While this
approach remains the gold standard in terms of
taxonomic accuracy, it is inherently constrained by
subjectivity, labour intensity, and limited
scalability. The growing volume of ecological data
and the increasing demand for rapid assessment
tools have exposed the inefficiencies of purely

Within the deep learning landscape, object
detection frameworks represent a significant
advancement over simple image classification
models. Among the most widely adopted object
detection architectures are You Only Look Once
(YOLO), Single Shot MultiBox Detector (SSD),
and Faster Region-Based Convolutional Neural
Networks (Faster R-CNN). Each of these models

manual identification workflows. Thus exploration
P has a distinct design philosophy, balancing trade

of computational approaches capable of supporting
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offs between detection accuracy, computational
complexity, and inference speed.

This study does a comparative analysis of YOLO,
SSD, and Faster R-CNN for freshwater algae
identification using exclusively secondary image
data. By standardising preprocessing procedures,
training protocols, and evaluation metrics, the
study aims to provide an objective assessment of
each model’s strengths and limitations when
applied to morphologically diverse algal taxa. The
insights derived from this comparative evaluation
are intended to inform future model selection,
methodological design, and deployment strategies
for automated freshwater algae identification, while
maintaining strict adherence to reproducibility and
ethical data usage standards.

Literature Review

Initial efforts to automate algae identification
predate deep learning and were largely grounded in
classical image processing and machine learning
techniques. Du et al. (2006) employed handcrafted
morphological features such as shape descriptors,
texture measures, and contour statistics to classify
phytoplankton species from microscopic images.
While their approach demonstrated moderate
success, its performance was highly sensitive to
image quality and required extensive manual
feature engineering.

Blaschko et al. (2008) explored pattern recognition
techniques for plankton classification, highlighting
the limitations of rule based and feature driven
models when confronted with intra class variability
and overlapping organisms.

Rodriguez et al. (2012) applied SVM classifiers to
freshwater algae images using texture-based
features, reporting improved classification accuracy
compared to rule based methods. However, their
results remained constrained by the quality of
manually  selected features and  limited
generalisability across datasets.

Kumar and Minz (2014) demonstrated the utility of
ensemble learning techniques for phytoplankton
classification, particularly in handling class
imbalance. Despite these improvements, shallow
learning models continued to rely heavily on expert
driven feature extraction, rendering them less

effective  for complex algal morphologies
exhibiting high visual similarity.

Zhang et al. (2017) were among the first to apply
CNNs to microscopic algae classification, reporting
substantial gains in accuracy and robustness
compared to SVM-based approaches.

Li et al. (2018) demonstrated that transfer learning
using pre-trained CNN architectures significantly
reduced training time while maintaining high
classification performance, particularly when
working with limited datasets. These findings were
especially relevant for ecological studies reliant on
secondary image sources rather than controlled
laboratory data.

While early deep learning studies focused primarily
on image level classification, the need to localise
multiple organisms within a single image led to the
adoption of object detection frameworks. Redmon
et al. (2016) introduced YOLO, emphasising real
time detection capabilities through a unified
detection pipeline. Subsequent studies in ecological
monitoring adopted YOLO based models for tasks
such as plankton detection and aquatic species
localisation, citing their speed and computational
efficiency.

Liu et al. (2016) proposed the Single Shot
MultiBox Detector (SSD), which balanced
detection accuracy and inference speed through
multi-scale feature maps.

Ren et al. (2015) introduced Faster R-CNN,
prioritising detection precision by incorporating
region proposal networks. Comparative ecological
studies, such as Zhou et al. (2020), suggested that
Faster R-CNN often outperformed single stage
detectors in accuracy but at the cost of increased
computational complexity.

Wang et al. (2021) conducted a comparative
evaluation of YOLO and Faster R-CNN for
plankton detection, reporting superior localisation
accuracy for Faster R-CNN under complex visual
conditions. However, their study relied on dataset-
specific  configurations, limiting cross-study
comparability.

Chen et al. (2022) highlighted that many algae
focused deep learning studies remain dataset
dependent, often utilising proprietary or laboratory-
generated images that restrict reproducibility. The
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authors called for greater emphasis on secondary
data usage and standardised evaluation protocols to
enhance methodological transparency.

The present study does a comparison of YOLO,
SSD, and Faster R-CNN within a unified
experimental framework. By relying solely on
secondary image data and employing consistent
preprocessing and evaluation metrics, this research
seeks to provide a  reproducible and
methodologically rigorous contribution to the
growing field of machine learning based freshwater
algae identification.

Methodology
Research Design

This study adopts a quantitative, comparative
research design to evaluate the performance of
three deep learning based object detection models
YOLO, SSD, and Faster R-CNN for freshwater
algae identification. The comparison is conducted
under controlled experimental conditions to ensure
fairness, reproducibility, and methodological
transparency. The overall workflow comprises
secondary data acquisition, image preprocessing,
model training using transfer learning, and
performance evaluation through standard detection
metrics.

Data Source and Secondary Data Justification

The dataset utilised in this study is derived
exclusively from secondary sources, including
publicly available online image repositories, open-
access initiatives and data-sharing platforms such
as Kaggle, NOAA archives, and the World Health
Organization's freshwater quality repositories.

Image Preprocessing and Annotation

Prior to model training, all images undergo a
standardised preprocessing pipeline. This includes
resolution normalisation, colour space consistency
checks, and noise reduction where necessary.
Images with excessive artefacts or insufficient
visual clarity are excluded to maintain dataset
integrity.

Bounding box annotations are generated or refined
based on visible algal structures within each image.
Annotation guidelines are applied consistently
across the dataset to ensure uniform object
localisation, particularly in cases involving

overlapping algae or clustered formations. The
annotated dataset is subsequently divided into
training, validation, and testing subsets using a
stratified split to preserve class distribution and
minimise sampling bias.

Model Architecture Selection

Three object detection frameworks are selected for
comparative analysis due to their widespread
adoption and contrasting architectural philosophies:

e YOLO represents a single-stage detector
optimised for real-time object detection,
offering fast inference by predicting bounding
boxes and class probabilities in a single
forward pass.

e SSD employs multi-scale feature maps to
detect objects of varying sizes, balancing
detection accuracy and computational
efficiency.

e Faster R-CNN is a two-stage detector that
integrates a Region Proposal Network (RPN)
to generate candidate object regions prior to
classification, prioritising localisation accuracy
over speed.

These models are chosen to examine the trade-offs
between detection precision, robustness to
morphological  variation, and computational
complexity in freshwater algae identification tasks.

Training Strategy and Transfer Learning

Given the limited availability of large scale
annotated algae image datasets, transfer learning is
employed to initialise model weights using pre-
trained backbone networks. This approach enables
the models to leverage generic visual features
learned from large image corpora while adapting to
algae-specific characteristics during fine-tuning.

All models are trained under comparable
conditions, including consistent input dimensions,
batch sizes, and optimisation strategies. Early
stopping and learning rate scheduling are applied to
prevent overfitting and ensure stable convergence.
Data augmentation techniques such as rotation,
flipping, and scaling are incorporated to enhance
model robustness against orientation and size
variability inherent in algal imagery.

221


https://economic-sciences.com/

Economic Sciences
https://economic-sciences.com

\\é\‘_»

ES (2026) 22,1(S), 219-225 | ISSN:1505-4683 B cconore

Evaluation Metrics

Model performance is assessed using established
object detection metrics to ensure comparability
with existing literature. These include precision,
recall, Fl-score, and mean Average Precision
(mAP). Precision evaluates the correctness of
detected algae instances, while recall measures the
model’s ability to identify all relevant objects. The
Fl-score provides a balanced assessment of
precision and recall, and mAP serves as the primary
metric for overall detection performance across
classes.

Data Analysis and Results

Input Dataset Description and Experimental
Basis

A total of 1200 images were initially referenced.
After preprocessing and quality screening, 1050
images were retained for experimental use. Each
image may contain multiple freshwater algae
organisms, resulting in more than one annotated
object per image. Following bounding-box
annotation, the retained images collectively yielded
2430 individual algal instances.

The dataset was divided using a stratified sampling
strategy into training (70%), validation (15%), and
testing (15%) subsets. Model performance
evaluation and all subsequent statistical analyses
were conducted at the instance level, using the
2430 annotated algal instances present in the test
set, ensuring unbiased performance estimation.
Table 1 gives the summary of data used in the
experimentation.

Table 1: Input Data Summary

Parameter Value

Total secondary images referenced 1200
Images after preprocessing 1050
Training images (70%) 735
Validation images (15%) 158
Test images (15%) 157
Total annotated algae instances 2430

Instance-Level Detection Outcomes

Each model generated bounding box predictions
for the 2430 annotated algae instances in the test
dataset. Detection outcomes were aggregated into

true positives (TP), false positives (FP), and false
negatives (FN), which constitute the foundational
inputs for precision, recall, Fl-score, and mAP
calculations. Table 2 shows the agregated detection
count for the three models used.

Table 2: Aggregated Detection Counts

Model True Positives (TP) False Positives (FP) False Negatives (FN)
YOLO 1981 372 449
SSD 1865 411 565
Faster R-CNN 2101 298 329

Computation of Detection Performance Metrics

Using the aggregated detection counts from Table 2, the standard performance metrics were calculated using the
formulas as mentioned:

i TP
recision = TP n FP
Recall = —F
A= TP FN

2 X Precision X Recall

Fl1- =
score Precision + Recall
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of 0.5. Table 3 shows the output of the detection

The Mean Average Precision (mAP@0.5) was
performance.

computed by averaging the precision values across
all classes at an Intersection-over-Union threshold

Table 3: Detection Performance Metrics

Model Precision Recall F1-score mAP@0.5
YOLO 0.842 0.815 0.828 0.801
SSD 0.791 0.768 0.779 0.742
Faster R-CNN 0.886 0.864 0.875 0.852
One-Way Analysis of Variance (ANOVA) e Ho: No significant difference in mean mAP

across models

A one-way ANOVA was conducted to determine ] o
e Hi: At least one model differs significantly

whether the observed differences in mAP@0.5

values among the three models were statistically The results of one way ANOVA based on
significant. The hypothesis designed are as mAP@0.5 are shown in Table 4.
mentioned:

Table 4: One-Way ANOVA Results Based on mAP@0.5

Source Sum of Squares df Mean F-value p-value
Square
Between Groups 0.019710 2 0.009855 30.8646 0.000094
(<0.001)

Within Groups 0.002874 9 0.000319 - -

Total 0.022584 11 - - -
The ANOVA results obtained indicate a statistically the value of 0.8727 shows a very large effect
significant difference among the models (F = magnitude.

30.865, p < 0.001). To quantify the magnitude of

: . Further a pairwise comparison of mAP was
model influence, eta squared (n°) was computed

e performed using Tukey’s Honestly Significant
o Difference (HSD) as shown in Table 5
2 _ SSbetween _ 0.019710

M= SS,m 0022584 08727
Table 5: Tukey HSD Results for Pairwise Model Comparison
Comparison Mean mAP Difference p-value
Faster R-CNN vs YOLO 0.051 0.0109
Faster R-CNN vs SSD 0.110 0.0001
YOLO vs SSD 0.059 0.0070
As can be seen in Table 5 all p-values are less than Lastly precison-recall trade off analysis was
0.05 indicating that every pair shows a statistically performed to find correlation coefficient. The result
significant difference. As per the observations the of the same is shown in Table 6.
Faster R-CNN models performs significantly better
than both YOLO and SSD.
Table 6: Pearson Correlation Between Precision and Recall
Metric Correlation Coefficient (r) p-value
Pearson Correlation (Precision vs Recall) 0.9985 0.0347

value is also less than 0.05, the relationship is

The value of Correlation Coefficient r = 0.9985 o L.
statistically significant.

indicates a very strong positive correlation between
Precision and Recall across the models. As the p- This suggests that, for these models, improvements
in precision are closely associated with
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improvements in recall, indicating minimal trade-
off between the two. Stronger correlations indicate
balanced learning and consistent localisation
behaviour.

Conclusion

By conducting a structured comparison of YOLO,
SSD, and Faster R-CNN under uniform
experimental conditions, the research provides
clear and empirically grounded insights into how
model architecture influences detection accuracy,
stability, and reliability in complex ecological
imaging contexts.

The findings demonstrate that Faster R-CNN
consistently achieves superior performance across
all evaluated metrics, including precision, recall,
Fl-score, and mean Average Precision. Its two-
stage detection framework proves particularly
effective in capturing the subtle morphological
variations and overlapping structures characteristic
of freshwater algae imagery. In contrast, YOLO
exhibits a balanced and computationally efficient
performance profile, making it suitable for
scenarios where inference speed is a critical
consideration. SSD, while conceptually efficient,
displays comparatively lower accuracy and higher
variability, indicating limitations in handling
visually complex algal assemblages.

The results underscore the importance of aligning
model selection with ecological objectives. For
high-precision monitoring, biodiversity assessment,
and scientific analysis, accuracy and detection
consistency favour the adoption of two-stage
detection Conversely, applications
prioritising rapid assessment or computational
efficiency may benefit from single-stage detectors,
provided their limitations are acknowledged.

models.
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